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Abstract

With an increase in the scale of recommender systems, users’ rating data tend to be extremely sparse. Some
methods have been utilized to alleviate this problem; nevertheless, it has not been satisfactorily solved yet.
Therefore, we propose an effective pre-rating method based on users’ dichotomous preferences and average
ratings fusion. First, based on a user—item ratings matrix, a new user-item preference matrix was constructed
to analyze and model user preferences. The items were then divided into two categories based on a
parameterized dynamic threshold. The missing ratings for items that the user was not interested in were directly
filled with the lowest user rating; otherwise, fusion ratings were utilized to fill the missing ratings. Further, an
optimized parameter A was introduced to adjust their weights. Finally, we verified our method on a standard
dataset. The experimental results show that our method can effectively reduce the prediction error and improve
the recommendation quality. As for its application, our method is effective, but not complicated.
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1. Introduction

The rapid development of the Internet and e-commerce applications has led to an exponential increase
in information. Finding relevant and appropriate information from large-scale datasets is often a time-
consuming process. Moreover, users spend a significant amount of time and energy in selecting
information and products related to their interests. Recommender systems (RSs)—rapidly developing as
a powerful technology in e-commerce and business analytics applications [1,2]—help users find the
desired content by providing personalized products and services, to improve their information acquisition
efficiency and effectively alleviate the information overload problem. The RS was first proposed by
Resnick and Varian [3] in 1997. Since then, it has been widely developed, and has gradually become an
important research field. Furthermore, RSs can improve users’ decision quality and reduce their decision
effort. Currently, RS is a major topic in the field of computer science, considerable effort has been

expended by experts and scholars in the last two decades to further advance these systems.
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RSs based on ratings are now widely used, where the basic idea is to use the users’ interaction histories
and rating information to predict unknown ratings, and to generate a recommendation list for target users
to find related items they may be interested in. Historical information can be inferred from user profiles,
and obtained from users’ explicit consumption behaviors. A recommendation algorithm is at the core of
an RS. An appropriate recommendation algorithm can significantly improve the quality of RSs, thereby
enhancing the user satisfaction. Among the various methods used in RSs, the collaborative filtering (CF)
method has shown superior results in research and practice. As shown in Fig. 1, the CF method uses the
common rating information of users/items to calculate the similarity between users/items, and
recommends new items to target users. Assume that there are two users (4 and B) and three products (a,
b, and ¢). If 4 and B have consumption behaviors on a and b simultaneously, we assume that 4 and B
have similar interests and preferences. Therefore, when 4 has consumption behaviors on ¢, we can

recommend c to B.

Items for which prediction is sought

rl 1 rlZ rls rln
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/ . . ‘. - . Recommendation ::> Top-N list of items for
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Fig. 1. Schematic of CF method.

In the field of personalized recommendation, most studies are devoted to improving the accuracy of
predictions. Nonetheless, data sparsity remains the primary impediment that adversely affects the
performance of RSs. Current research shows that, in large e-business systems, users generally purchase
only 1% of the total number of items, and even fewer items are rated by more than two users, leading to
a scenario with insufficient valuable and significant transactions for inferring reliable user similarities
and targeting relevant items [4]. It is difficult to find users similar to a target user, who has rated items
without sufficient ratings, making relevant recommendations harder for him/her.

In the early days, the most primitive solution to the sparsity problem was to fill in the missing data with
zero values. Later, using the existing ratings” mean, median, and mode to represent the missing data, or
even the imputation methods based on singular value decomposition (SVD), was proposed. However,
these data filling methods cause the ratings of most vacant positions to be the same, leading to larger
prediction errors and poor recommendations. They also ignore the differences between missing values,
as the items should have different values based on the users’ interest. Therefore, we propose a new and
effective pre-rating method based on the users’ dichotomous preferences and average ratings fusion for

a RS. We utilize the label information of items and the existing user ratings to model and analyze their
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interests and preferences. Based on this information, the items are divided into two categories. The
missing ratings of items a user is not interested in are directly filled with his/her lowest rating; otherwise,
the missing ratings are filled using the average ratings fusion method.

The findings of this study will contribute to the development of effective systems that can significantly

reduce the sparsity hurdle, and thus, further enhance the accuracy and efficiency of the recommendations.

2. Related Work

In general, the existing CF methods are divided into model-based and memory-based methods. Model-
based CF methods use machine learning algorithms to find an interaction model between users and items,
and then, identify specific patterns in the data. Memory-based CF methods use the preferences of a set of
like-minded users to generate recommendations that target users may be interested in. A memory-based
CF method is also known as a neighborhood-based CF method. It is the most basic algorithm in RSs that
has been rigorously studied in the academic field and is widely utilized in industry. Neighborhood-based
algorithms are divided into two categories: user-based and item-based CF algorithms. Neighborhood-
based algorithms can determine data linkages better than model-based algorithms, and may recommend
items significantly different from the users’ previous interests and preferences, thereby improving the
novelty and surprise of recommendations, while avoiding the singularization of their interests and
preferences.

A user-based CF algorithm is the most frequently used algorithm in RSs, and its appearance marks the
beginning of RSs. The user-based CF framework was proposed by Goldberg et al. [5]. At the core of the
user-based CF recommendation method is the assumption that users with similar interests in the past will
have common interests in the future, which can be utilized to predict a target user’s rating for an item
through a weighted combination of selected neighboring users’ ratings. Therefore, when user A needs a
personalized recommendation, the RSs can first find users with similar interests as A, and then,
recommend products that these users like, which A has not yet consumed. However, a user-based CF
algorithm is not very scalable when facing tens of thousands of potential neighbors. Therefore, an item-
based CF method was proposed. An item-based method assumes that the target user may like items
similar to their favorite items [6,7]. The CF algorithm generates recommendations based on similarity
rules. A user-based CF algorithm recommends items favored by other users who are highly similar to the
target user, while an item-based CF algorithm finds items highly similar to the purchased items from a
list of items the target user has not purchased.

However, the problem of data sparsity significantly limits the applicability of a neighborhood-based
CF algorithm, thereby reducing the recommendation algorithm’s performance. To solve this problem,
several scholars have proposed different methods in related studies and made significant progress.
Factorization is regarded as an effective method for solving the problem of data sparsity, and is widely
used in RSs [8]. To address the problem of data sparsity, Guo et al. [9] proposed a conceptual model for
RSs using a new information source—prior ratings—by integrating the presence of environmental factors
whose effects on product evaluation was not studied previously. Hu et al. [10] proposed a hybrid
personalized random walk algorithm to handle the data sparsity in web service recommendations based
on an existing random walk algorithm and the characteristics of web services. A personalized random

walk algorithm was implemented on the service graph to identify more similar neighbors for the current
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target user requesting the Web service and the target users of each candidate web service. Kermany and
Alizadeh [11] proposed a new hybrid method based on an enhanced fuzzy multi-criteria CF, which
combines demographic information and an item-based ontology semantic filtering method to effectively

alleviate the sparsity problem and improve the recommendation accuracy.

3. Pre-rating Strategies and Methods

With the increasing popularity of the Internet, the scale of RSs continues to expand, and the user-item
rating matrix has become extremely sparse. This reduces the accuracy of the similarity measurement
method in the traditional CF recommendation algorithm, thereby reducing the RS quality. To overcome
the challenges caused by sparsity, we propose a new pre-rating data filling method. First, the items are
divided into two categories: user-interested and user-disinterested; subsequently, different methods are

used to predict and fill the user ratings.

3.1 Preferences Classification Based on Dichotomy Strategy

In RSs, users have different interests and preferences for different items. We often find that users are
interested in items with specific labels, and not interested in any item with other labels. In many cases,
the item labels may attract users. The label can be expressed in the form of an item type, such as a movie
type, book type, and music style. Considering movie recommendations as an example, one movie can be
a romantic-comedy, while another one can be a suspense-thriller. Therefore, users interested in romantic
movies would like the former to be recommended to them. Thus, we can adopt a dichotomy strategy
based on a threshold to model the users’ interest preferences, using the type labels of items to classify

them into two categories: items a user is interested in and items a user is not interested in. A flowchart of

Construct the user-item
ratings matrix R

l

Construct the item-lable
matrix L
l
User-lable preferences
matrix P=Rx L

l

Get the user-item preferences
matrix Q according to R and LL

the proposed method is shown in Fig. 2.

Greater than the
threshold?

Filling in missing ratings
with users' lowest rating

Filling in missing ratings
with the new method

End

Fig. 2. Flowchart of the proposed method.
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First, the user—item rating matrix R is constructed according to the rating information of users on the
items in the dataset. Here, U={U1,U>,Us,...,Un} is the user set composed of m users, I={I1,b,[,....I»} s
the item set composed of # items, and 7« represents the k-th user’s opinion on the s-th item. The level of
the ratings implies the users’ degree of interest in the corresponding items. When the rating is higher, the
user’s interest in the item is higher, and vice versa.

T hpoee B T
10 0 1
r21 r22 tte r2.y r2n 0 1 1 0
R = L=|1 0 1 1
a Yo oo B oo 1y, : :
I : 110 0
_I"ml Vo vee Voo oo T |

Each item may have multiple labels. The label matrix for a collection of n items and 1 labels can be
expressed as a nx/ matrix L. Here, 1 implies the item has a label, and 0 implies the item does not have
this label. The user preference matrix P for item labels is constructed from the ratings matrix R and labels
matrix L, as follows.

P=RxL (1)

Then, the user’s interest and preference for the items are calculated as

qks = Zpki’ l:frksioand Lsi:1 (2)

iel
where gis represents the k-th user’s preference for the s-th item, and pw represents the k-th user’s
preference for the i-th item. L= 1 implies the s-th item contains the i-th label; that is, if the item contains
multiple labels, the user’s preference for the item is approximately the cumulative value of his/her

preference for the included labels. Subsequently, the user—item preference matrix Q can be obtained as
follows.

Pn P> Ps o-- Py 4 9o - G - Gy

Py Pn Py - Py Gy G - Gy - Gy
P = 0=

Pa P2 Pz -+ Pu G G2 - D - Gn

| Pt Pwz Pws -+ P | Dt Dz - D - Do

After obtaining the user—item preference matrix Q, we analyze and judge the user’s interests and
preferences. First, we construct Eq. (3) to calculate the threshold.

Z qui
0, =ax=—o 3
n
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where 0. represents the preference threshold of the u-th user. Each user in the user set has a specific
threshold. o is a parameter used to adjust the threshold (the details will be discussed in Subsection 4.2).
Then, we judge a user’s interest level according to the indicator function in Eq. (4).

1, >0
S"i _ f(a) — 9, u (4)
0 H qu[ < 014

If the u-th user’s preference for the i-th item is greater than his/her preference threshold, then the user
is considered to be interested in the item, which is marked as S, = 1; otherwise, the user is considered to

be not interested in the item, which is marked as S, = 0.

3.2 Pre-rating Method

Based on the division of items into two categories, in this section, we will use different methods for
pre-rating different items to fill in the missing data.

The missing ratings for items of no interest to the users are directly filled with their lowest ratings.
Because different users have different rating scales, their ratings for items they are not interested in are
also different.

£, =min {r

ul>

Frys 0y Fps o0 run} (5)

The users’ rating characteristics and the attributes of their items of interest are comprehensively
considered, and a filling method that combines the users’ and items’ average ratings is adopted; then,
their respective weights are adjusted by introducing a related parameter.

There will be differences in the rating habits of each user in the user set. These differences embody the
users’ rating biases. Some users have a higher requirement for movies; they are relatively stricter with
their scoring and may generally give a lower rating to movies, while others will give a higher rating as
long as the movie is not terrible. Therefore, to minimize the influence of user rating biases on items, we

utilize the average rating using Eq. (6).

Z,-nzu P (6)

count(r £ 0) A

u,i

v =

u

Different items in the item set have different feature labels and degrees of user preference. Some
movies may be well made or involve popular actors, which will result in higher ratings than other movies.
When predicting a user’s rating of an item, it is necessary to consider both his/her preference and the
degree of user preference for the item itself. The average rating of all users who rated the item can be

used to represent the average rating of the item, and can be calculated as

— " v .
D WL i 20 (M

coum‘(rm # 0) ’

Then, if the u-th user’s rating for the i-th item in the rating matrix is missing, it can be predicted and
filled in using Eq. (8).
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ri=ar, + (1-2)r, ®)
where A is a parameter that adjusts the weight of average ratings to predict the missing ratings. After
filling in the missing data with the above method, the ratings matrix is saturated. In other words, for any

item belonging to Z, the rating of u for i is shown in Eq. (9).

r.#0

i u,i 9
r.=3F. 7, =0 and S, =0 ©)

r,,=0and S, =1

4. Experiments and Analysis

4.1 Experiment Design

To verify the effectiveness of our proposed method, we conducted several experiments on the MovieLens
dataset (https://grouplens.org/datasets/movielens/). MovieLens is a general dataset for RSs, containing
the rating and attribute information (the type label of a movie) of items. We chose the 100k dataset, which
contains 100,000 ratings from 943 users on 1,682 movies, and a high data sparsity of 93.70%.

We used MATLAB 2018a to perform the experiments on a computer with a quad-core 2.80 GHz
processor and Windows 10 operating system. We randomly selected 20% of the user ratings as the test
set, and the rest of the dataset was used as the training set. The experiments were performed four times,
and the results were averaged to reduce the influence of a few extreme values.

The cosine function was used to calculate the similarity between users and predict the ratings, as follows.

z rui * rvi
iel,, (10)

2 % 2
Z rui rvi

iel,, iel,,

sim(u,v) =

where u and v represent two users in the user set, and Sim(u, v) represents the similarity between them.
Ly represents a collection of items rated by both # and v. 7. and 7 represent the ratings of # and v for
item I, respectively. After obtaining the similarity matrix, Top-N users with the highest similarity are
selected as the neighbors of the target user, and the target user’ rating for item 7 is predicted based on the

ratings of the neighboring users, which is calculated as follows.

Z r, * sim(u,v)
5 i, ’ (11)
Y > sim(u,v)
veN,

In this study, we used mean absolute error (MAE) and root-mean-square error (RMSE) as the evaluation
metrics for our proposed method. When the error is greater, the accuracy is lower, and vice versa. The
calculation formulas for MAE and RMSE are shown in Eq. (12) and Eq. (13), respectively.

ro—r

T
z ui ui

MAE =2 —— 12
7 (12)
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(13)

where T represents the number of predicted ratings, 7, denotes the user’s actual rating for the item, and

r

ui

represents the user’s predicted rating for the item.

4.2 Experiment (1): Sensitivity Analysis of Parameters

Three parameters (a, A, and N) are used in the proposed method. a is used as a parameter to determine
the threshold value. A is used to control the weight of average ratings. N is the size of the user’s
neighborhood. Several experiments were conducted to demonstrate the effects of different parameter
values on our proposed method’s performance.

A reasonable threshold is vital for judging the users’ interests and preferences, and helps determine the
method to be used to fill in the missing data. To analyze the influence of the threshold parameter a on the
proposed method, we conducted some related experiments with A = 0.5 and N =5. When A = 0.5, the
influence of the users’ and items’ average ratings is excluded. The influence of N on the proposed method
is discussed later. Here, N is the minimum value of the nearest neighbor range. Fig. 3 shows that both
MAE and RMSE decrease with a decrease in the threshold parameter a. When « is smaller, more data is
filled using the proposed method, and less data is filled with users’ lowest scores, which is consistent

with the fact that there are only a few items of no interest to the user.

0.86 T T T T T 1.08

1
110 1/20 1/30 1/40 1/50 1/60 110 1/20 1/30 1/40 1/50 1/60
the value of a the value of «
(2) (b)

Fig. 3. Effect of parameter (o) on the performance metrics: (a) MAE and (b) RMSE.

In the proposed algorithm, the weight parameter A is used to adjust the weight of the average rating of
users and items. The related experiments were performed with N = 5. Fig. 4 shows how different values
of A affect the performance metrics. The value of A ranged from 0.1-0.9 with a step of 0.1. As can be
seen from these results, the MAE and RMSE measurements increase with an increase in A. Thus,
increasing the value of A has a negative effect on the MAE and RMSE. In the MovieLens 100k dataset,
the best experimental results were obtained with A = 0.1. At this time, the values of MAE and RMSE
were 0.7880 and 0.9939, respectively.
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MAE
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the value of A the value of A
(@) (b)

Fig. 4. Effect of parameter (1) on the performance metrics: (2) MAE and (b) RMSE.

Finally, the experiments were repeated with different values of N to evaluate the proposed method’s
performance; the results are shown in Fig. 5. The range of N was set between 5-50 with a step of 5. As
can be seen from these results, when the neighborhood size changes, both MAE and RMSE tend to
stabilize. In other words, our method is less affected by the neighborhood size.

1 12
0.95 1.156
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0.9
1.05
0.85 4 _
< —6—© © —0
w &
< o o 4
0.8 —o— = 0.95
0.75 09
085
0.7
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065 0.75
06 . . . . . . . L L J 07L . . . L L L L L L J
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the number of neighbors the number of neighbors
() (b)

Fig. S. Effect of parameter (V) on the performance metrics: (a) MAE and (b) RMSE.

4.3. Experiment (2): Comparison with Other Methods

In this section, the performance of the proposed method is compared with that of other methods, while
handling data sparsity. Table 1 shows the results of the experiments on the MovieLens dataset. Among
these, “Zero-rating” represents the filling of missing data with 0; “Avg-rating” denotes the filling of
missing data with the average of existing ratings; “Med-rating” represents the filling of missing data with
the median of existing ratings; and SVD is a traditional matrix decomposition method [12]. Our method
obtains the best MAE and RMSE values when compared to the other methods on this dataset. Our
proposed method improves the accuracy by approximately 3.28% and 2.91%, respectively, on the MAE
and RMSE of SVD—i.e., the second-top performer. Thus, the proposed rating prediction method can
effectively reduce the prediction error, thereby improving the recommendation quality.
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Table 1. Comparisons with other methods

Methods MAE RMSE
Zero-rating 1.6560 2.0354
Avg-rating 1.1743 1.5126
Med-rating 0.9165 1.1394

SVD 0.8147 1.0237
Our-method 0.7880 0.9939

5. Conclusion

Focusing on the problem of data sparsity in a real rating dataset and motivated by the consideration of
rating differences between items with missing values for users, we proposed a users’ preference dichotomy
strategy and pre-rating method that fuses the average ratings of users and items. To differentiate the items
with missing values, some of which may or may not be of interest to the users, we constructed a new
user-item preference matrix to analyze and model user interests and preferences using an initial user-item
rating matrix. Then, a threshold parameter was introduced to divide the items into two categories: those
that are of interest and those that are not of interest. For both categories of items, we filled the missing
values with different strategies. Based on these strategies, we proposed a method that fuses the average
ratings of users and items. Finally, a corresponding parameter was introduced and optimized to adjust the
weight of these average ratings. The experimental results show that our proposed method can effectively
reduce the prediction error and improve the recommendation quality, demonstrating the significance of
different filling strategies.
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